Genomes consist of one-dimensional DNA sequences and are spatio-temporally organized 26 within the cell nucleus. Contact frequencies in the form of matrix data, measured using genome-27 wide chromosome conformation capture (Hi-C) techniques in Hi-C matrix data processing to reduce experimental biases 9-11 . However, the mean-
polymer modelling. This method allows for demonstrations of dynamic characteristics of 23 genomic loci and chromosomes, as observed in live-cell imaging experiments, and provides 24 physical insights into Hi-C data.
25
Genomes consist of one-dimensional DNA sequences and are spatio-temporally organized 26 within the cell nucleus. Contact frequencies in the form of matrix data, measured using genome- and single cells is a challenge for modelling dynamic genome organization 5, 6 .
32
Several modelling methods have been developed to reconstruct 3D genome structures and
33
predict Hi-C data 7, 8 . In addition, there has been development of bioinformatic normalization 34 techniques in Hi-C matrix data processing to reduce experimental biases [9] [10] [11] . However, the mean-by using an analytical relationship between the parameters and the contact matrix. We can then monomers, we introduced the contact Gaussian kernel with the contact distance σ (Fig. 1b) . The 56 above assumption can be used to derive the theoretical scaling relationship of the contact probabil-
, as a function of genomic distance s in terms of the fractal dimension of polymer Supplementary Fig. 2a,b ). In addition, interestingly, the ratio of the contact dis-
59
tance to the length between adjacent monomers, σ/b, makes the shape of the contact probability 60 rounder at a small genomic distance ( Supplementary Fig. 2b ). This phenomenon implies that the 61 rounded shape conveys information about the ratio σ/b. To assess our theoretical framework about 62 contact and how the contact distance varies in Hi-C experiments, we analysed yeast Hi-C data at 63 nucleosome resolution 14 . The fitted value was σ/b = 1.12, suggesting that contacts mainly occur 64 within a distance corresponding to the size of a nucleosome in this super-resolution Hi-C experi-65 ment (Fig. 1c, Supplementary Fig. 2c ). Other high-resolution Hi-C data for human GM12878 Fig. 2d ).
68
An important step in the optimization procedure is based on analytical matrix transforma-
69
tions between the polymer network model and the contact matrix (Fig. 1d, Methods) . The matrix 70 transformations provided us with a low computational cost optimization strategy that can be ap-
71
plied to find optimal interaction parameters of the polymer network model without sampling op-
72
timal static 3D polymer conformations ( Supplementary Fig. 1b,c) Videos 1-3). Intra-and inter-domain interactions generate a chequerboard pattern reminiscent of
76
A/B compartments 1, 2 , and the attractive interaction domains form a combined domain (Fig. 1e) .
77
Loop interactions show a clear punctate pattern (Fig. 1f) . Furthermore, we can depict a topolog- the polymer backbone, where less connected regions behave as domain boundaries ( Fig. 1g ; left).
80
The 3D conformation suggests that the boundary regions are physically elongated with insulat-81 adjacent domain fusion ( Fig. 1g; Fig. 3 ). The optimization step of the PHi-C analysis
88
for chromosomes 6 and 17 provided optimized contact matrices with correlations of more than
89
97% between the Hi-C and optimized contact matrices (Fig. 2a) . The mean-squared displacement
90
(MSD) curves that were theoretically derived from the optimized data for the Nanog locus on chro-91 mosome 6 and the Oct4 locus on chromosome 17 are consistent with the experimental dynamics
92
( Fig. 2b) . We also compared the physical sizes of 50.5-Mb genomic regions around the Nanog and
93
Oct4 loci, with the inclusion of several areas that highly interact with each locus, and observed 94 more compact organization of the Nanog region (Fig. 2c) . Taking together, these findings indicate
95
that PHi-C analysis can provide new insights into genome organization and dynamics: for exam-
96
ple, a region of 50.5 Mb around Nanog adopts a more compact organization than an equivalent 97 region around Oct4, and the Nanog locus on chromosome 6 is more mobile than the Oct4 locus on 98 chromosome 17 (Fig. 2d ).
99
Finally, we used PHi-C to demonstrate the dynamic chromosome condensation process for with a helical organization in rod-shaped chromosomes during prometaphase 18 .
114
We have shown that PHi-C can decipher Hi-C data into polymer dynamics, based on a math- should be elucidated which molecular interactions on chromatin are related to physical parameters. ing matrix transformations (Fig. 1d) , where the matrix size is N ×N : (i) the normalized interaction
where the normalized degree matrixD = diag
into the normalized covariant matrix relative to the centre-of-massM =
ues of the matrixL and Q is the orthogonal matrix satisfying
, and (iv) the optimized matrixK optimized is performed. Below, we describe each step in Fig. 1a in detail.
174
Input data. PHi-C requires N × N contact matrix data for a genomic region of interest as an 175 input, which is generated through the JUICER and JUICER TOOLS 12 from public Hi-C data 176 with a normalization option (VC / VC SQRT / KR). Here, we used the KR normalization 21 . In we additionally normalized the contact matrix such that the shape of the contact probability as a by first predicting
and then correcting
where ϵ = and PSF files to visualize the simulated polymer dynamics. Polymer conformations were visual-Fitting contact probability. We theoretically derived how the contact probability as a function 217 of genomic distance averaged across the genome, P (s), behaves in terms of the fractal polymer
218
(Supplementary Note, Supplementary Fig. 2 ). The function from high-resolution Hi-C data was 219 fitted by
for a small genomic region and
for a large genomic region. Here, the ratio σ/b and the fractal dimension d f are the fitted parame-222 ters, and c stands for the genomic size corresponding to the bin size of the Hi-C matrix. We used 223 the nonlinear least-squares Marquardt-Levenberg algorithm on GNUPLOT.
224
Calculating MSD of genome loci. We re-analysed movements of Nanog and Oct4 loci in mESCs.
225
In each session of live imaging, 3D time-series of a genome locus (Nanog or Oct4) and the nucleus 
. Then, the time-averaged mean square displacement (TAMSD)
231
for a time-series {S(t m )} M −1 m=0 was calculated as follows:
Here, not only is the MSD normalized by σ 2 in the length scale, but the time-step is also normalized 235 in time, that is, MSD/σ 2 and ϵt/∆t are dimensionless.
236
Calculating radius of gyration. As we described in polymer dynamics simulation, a normalized 237 polymer conformation
in thermal equilibrium can be sampled on the 238 basis of the optimized matrixK optimized . We calculated the radius of gyration for the 50.5-Mb 239 genomic regions around Nanog and Oct4 loci in mESCs. By using two integers n start and n end 240 corresponding to the 50.5-Mb region, the radius of gyration is calculated as
∑ n end i=nstartRi represents the centre-of-mass of the polymer conformation 242 of the 50.5-Mb genomic region.
243
Simulating polymer dynamics during chromosome condensation. We applied PHi-C to Hi-C 244 data during mitotic chromosome formation in chicken DT-40 cells 18 . We used the second dataset at n 100 min as follows:
for 0 ≤ n < 250 500,K n =K 500 +(K 1500 −K 500 )× n−500 1000
for 500 ≤ n < 1500,K n =K 1500 +(K 3000 −K 1500 )× n−1500 1500 251 for 1500 ≤ n < 3000, andK n =K 3000 + (K 6000 −K 3000 ) × n−3000 3000
for 3000 ≤ n ≤ 6000. By using (1) and (2)).
255
In the visualization, we fixed the centre-of-mass of polymer conformations to the origin ( .
260
We calculated the three eigenvalues g 
